The detection of carrageenan adulteration in chicken meat using a hyperspectral imaging (HSI) technique associated with three spectroscopic transforms was investigated. Minced chicken was adulterated with carrageenan solution (2% w/v) in the volume range of 0-5 mL at an increment of 1 mL. Hyperspectral images of prepared samples were captured in a reflectance mode in a Visible/Near-Infrared (Vis/NIR, 400-1000 nm) region. The reflectance (R) spectra were first extracted from regions of interest (ROIs) by applying a mask that was built using band math combined with thresholding and were then transformed into two other spectral units, absorbance (A) and Kubelka-Munck (KM). Partial least squares regression (PLSR) models based on full raw and preprocessed spectra in the three profiles were established and A spectra were found to perform best with R p 2 = 0.92, root mean square error of prediction set (RMSEP) = 0.48, and residual predictive deviation (RPD) = 6.18. To simplify the models, several wavelengths were selected using regression coefficients (RC) based on all three spectral units, and 10 wavelengths selected from A spectra (409, 425, 444, 521, 582, 621, 763, 840, 893, and 939 nm) still performed best with the R p 2 , RMSEP, and RPD of 0.85, 0.93, and 3.20, respectively. Thus, the preferred simplified RC-A-PLSR model was selected and transferred into each pixel to obtain the distribution maps and finally, the general different adulteration levels of different samples were readily discernible. The overall results ascertained that the HSI technique demonstrated to be an effective tool for detecting and visualizing carrageenan adulteration in authentic chicken meat, especially in the absorbance mode.
Introduction
Meat and meat products are high-quality sources of essential amino acids, protein, and many other nutritional compounds in human diets [1] . However, meat is susceptible to suffering adulteration, and incidences of commercial meat adulteration like mislabeling, undeclared ingredient additions, and species substitution are common [2] . Nowadays, consumers are paying more and more attention to meat authenticity and demanding higher protection from fraudulent meats. Therefore, rapid, reliable, and effective identification methods are urgently needed in the meat industry to provide efficient management for regulators and accurate information for consumers.
Compared to red meat, chicken meat is always considered as one of the most popular foods globally due to its affordability, low fat, and high protein content [3] . Poultry consumption has is illustrated in Figure 1 . Fillets were first cut into small pieces and ground using a meat-mincing machine (QSJ-Bo3H2, Guangdong Bear Electric Co. Ltd., Foshan, China) for 30 s. Samples were weighed individually with a total weight of 40 g and placed into round Petri dishes (90 mm in diameter × 14 mm deep). Carrageenan powder was well dissolved in hot water (about 80 • C) and the solution concentration was prepared with 2% (w/v). A syringe with a volume scale was used to adulterate the solution into minced meat at different levels of 1, 2, 3, 4, and 5 mL, respectively. After that, the samples were mixed well to gain an approximately homogenous sample with a flat surface. Then, 24 adulterated samples at each adulteration level were prepared and pure chicken (0 mL) samples were also prepared. As a result, a total of 144 tested samples were prepared, among which 96 samples (6 levels × 16 samples per level) were for the calibration set while the residual 48 samples were for the prediction set (6 levels × 8 samples per level). Prior to the image acquisition, all the samples were rested at room temperature (about 25 • C) for 10 minutes to completely solidify the solution in the meat.
Appl. Sci. 2019, 9, Broiler breast fillets were purchased at a local supermarket in Beijing, China. In addition, Kcarrageenan powder, which was most commonly used in meat products, was collected from Runying food additive company in Hebei province, China. The chemical structure of K-carrageenan is illustrated in Figure 1 . Fillets were first cut into small pieces and ground using a meat-mincing machine (QSJ-Bo3H2, Guangdong Bear Electric Co. Ltd., Foshan, China) for 30 s. Samples were weighed individually with a total weight of 40 g and placed into round Petri dishes (90 mm in diameter × 14 mm deep). Carrageenan powder was well dissolved in hot water (about 80 °C) and the solution concentration was prepared with 2% (w/v). A syringe with a volume scale was used to adulterate the solution into minced meat at different levels of 1, 2, 3, 4, and 5 mL, respectively. After that, the samples were mixed well to gain an approximately homogenous sample with a flat surface. Then, 24 adulterated samples at each adulteration level were prepared and pure chicken (0 mL) samples were also prepared. As a result, a total of 144 tested samples were prepared, among which 96 samples (6 levels × 16 samples per level) were for the calibration set while the residual 48 samples were for the prediction set (6 levels × 8 samples per level). Prior to the image acquisition, all the samples were rested at room temperature (about 25 °C) for 10 minutes to completely solidify the solution in the meat. 
Hyperspectral Images Acquisition and Calibration
The samples were scanned by a Vis/NIR HSI system with a wavelength ranging from 380 nm to 1012 nm. The system was mainly composed of a spectrometer (G Series Image-λ-V10-IM, Spectral Imaging Ltd., Oulu, Finland), a CCD detector (Bobcat 2.0, Imperx Ltd, FL, USA), a variable-focallength lens (Schneider, XENOPLAN, Bad Kreuznach, Germany), a translation stage (WN500TA1000H, Beijing, China), a pair of 50 W Tungsten-Halogen lamps (Photoflex, Watsonville, CA, USA), and a computer to control the camera for acquiring images. Detailed parameters and its settings can be found in previous literature of Jiang et al. [21] . In this work, low signal-to-noise subimages of the two ends were excluded and only the images in the wavelength ranging from 400 to 1000 nm (285 wavebands) were retained for the following data analysis. For a detailed explanation of the system correction and image acquisition, please refer to Wang et al. [22] .
Image Processing and Spectral Data Extraction
On the basis of the calibrated images, due to the distinctive spectral difference between the meat sample and background, the meat portion can be easily separated from the background. In this work, the entire meat portion was isolated by subtracting the image at a wavelength of 405 nm (low reflectance value) from that at a wavelength of 700 nm (high reflectance value), followed by setting a constant value of 0.25 as the threshold. With these procedures, a mask that excluded the background and the edge of the Petri dishes to avoid any undesired spectral information was produced. From the mask, ROI was identified and average reflectance spectrum was extracted by calculating the mean spectral data of all the pixels within the ROI. These treatments were repeated in all the images to obtain the spectrum representing each sample. The ENVI software (ENVI 5.1, Research Systems Inc., Solutions, Boulder, CO, USA, 2014) was adopted to carry out the image preprocessing and spectra extraction. The reflectance spectra were transformed into A and KM units according to equations (2) and (3), respectively. 
Hyperspectral Images Acquisition and Calibration
The samples were scanned by a Vis/NIR HSI system with a wavelength ranging from 380 nm to 1012 nm. The system was mainly composed of a spectrometer (G Series Image-λ-V10-IM, Spectral Imaging Ltd., Oulu, Finland), a CCD detector (Bobcat 2.0, Imperx Ltd, FL, USA), a variable-focal-length lens (Schneider, XENOPLAN, Bad Kreuznach, Germany), a translation stage (WN500TA1000H, Beijing, China), a pair of 50 W Tungsten-Halogen lamps (Photoflex, Watsonville, CA, USA), and a computer to control the camera for acquiring images. Detailed parameters and its settings can be found in previous literature of Jiang et al. [21] . In this work, low signal-to-noise sub-images of the two ends were excluded and only the images in the wavelength ranging from 400 to 1000 nm (285 wavebands) were retained for the following data analysis. For a detailed explanation of the system correction and image acquisition, please refer to Wang et al. [22] .
Image Processing and Spectral Data Extraction
On the basis of the calibrated images, due to the distinctive spectral difference between the meat sample and background, the meat portion can be easily separated from the background. In this work, the entire meat portion was isolated by subtracting the image at a wavelength of 405 nm (low reflectance value) from that at a wavelength of 700 nm (high reflectance value), followed by setting a constant value of 0.25 as the threshold. With these procedures, a mask that excluded the background and the edge of the Petri dishes to avoid any undesired spectral information was produced. From the mask, ROI was identified and average reflectance spectrum was extracted by calculating the mean spectral data of all the pixels within the ROI. These treatments were repeated in all the images to obtain the spectrum representing each sample. The ENVI software (ENVI 5.1, Research Systems Inc., Solutions, Boulder, CO, USA, 2014) was adopted to carry out the image preprocessing and spectra extraction. The reflectance spectra were transformed into A and KM units according to Equations (1) and (2), respectively.
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Establishment and Evaluation of the Models

Data Preprocessing and Models Development
Prior to the modeling process, several correction preprocessing methods as well as their combinations were separately used in order to remove or reduce physical biases such as scattering effects in the spectra. The methods of standard normal variate (SNV), multiplicative scatter correction (MSC), detrend, and the first and second order derivatives (Der1 and Der2) were included in our study. For detailed information about the effect and parameter settings of the different preprocessing methods, please refer to Jiang et al. [21] . Performances of all the developed models based on spectra with or without (raw) preprocessing were compared. For further evaluation, only the optimal preprocessing technique was retained. Aforementioned spectral pretreatments were all performed using Unscrambler software (X10.1, CAMO, Trondheim, Norway).
PLSR is a linear and supervised chemometric algorithm for constructing models in spectral analysis [23] . In this study, the PLSR was adopted to establish the quantitative models between adulteration levels and the extracted spectra of the prepared samples. A leave-one-out cross-validation (LOOCV) approach was also used to minimize the risk of over-fitting. Cross-validation calculates the predictive ability of potential models to optimize the number of latent variables (LVs) in PLSR models. The models' development was all conducted with the help of Matlab software (R2013b, The MathWorks Inc., Massachusetts, USA). Accordingly, three spectral calibration sets with different units, i.e., R, A, and KM, were separately used to establish PLSR models. The established models were indicated as R-PLSR, A-PLSR, and KM-PLSR, respectively.
Principal Component Analysis
Principal component analysis (PCA) is usually implemented as a dimensional reduction technique and is an efficient means to easily interpret differences among data points [24] . Scores of the selected principal components (PCs) could be used to create score plots to demonstrate relationships among data points. Data points of the same type of samples would tightly cluster and thus could be separated from others. In this study, based on the optimal spectral unit, a preliminary PCA was carried out to visually examine the distribution of the tested samples with different carrageenan adulteration levels in PC space. The aim was to present the effectiveness of spectra in detecting adulteration levels in minced chicken meat.
Optimal Wavelengths Selection
To remove irrelevant information or noise for adulteration detection, the selection of important wavelengths carrying the most useful information was recommended. The regression coefficients (RC), i.e., the β-coefficients of the optimal PLSR models, were considered as possible feature-related or important wavelengths for the respective component [25] . Coefficients with the highest absolute values are deemed to be key wavelengths for adulteration. Thus, RC was further utilized to select representative wavelengths in carrageenan adulteration levels determination in our study. With the limited key wavelengths, the PLSR models established using full wavelengths were simplified. All the wavelengths selection steps were executed in Matlab software (R2013b, The Mathworks Inc., Natick, MA, USA).
Modeling Performance Evaluation
To evaluate the performance of the developed models, several effective parameters including the coefficient of determination (R c 2 , R cv 2 , and R p 2 for calibration, cross-validation, and prediction set, respectively), and root mean squared error for calibration, cross-validation and prediction set (RMSEC, RMSECV, and RMSEP) were calculated. In particular, to calculate the practical utility of the prediction models, ratio of the standard deviation (SD) to RMSEP, i.e. residual predictive deviation (RPD), was also employed. If the value of RPD was lower than 1.5, the developed model was unacceptable [26] . On the contrary, a high RPD value (larger than 3) indicated that the model was good or excellent. According to the literature of Kapper et al. [27] , models that achieved the performance of R 2 ≥ 0.70 and RPD ≥ 2.00 would be treated as valid in determining meat quality.
Visualization of Adulteration Levels
As is known, the distribution of carrageenan solution adulterated in chicken meat cannot be completely even and may vary not only from sample to sample, but also from pixel to pixel within one identical sample. Visualization technology is an inherent and progressive advantage of the HSI technique, which can intuitively help to show the differences in carrageenan adulteration levels of different samples. In the present study, the preferred simplified PLSR model based on the optimal spectral unit was used to be transferred into each pixel of the hyperspectral images. After that, each pixel had its own predicted value of adulteration levels, and different values of pixels would display in different colors to achieve the final distribution map. Therefore, the spatially distributed visualization of the carrageenan adulteration was achieved with a linear color scale exhibiting the overall adulteration level within the sample. In this work, distribution maps formed steps were realized by a homemade procedure using the Matlab software.
Results and Discussion
Spectral Features
The average R, A, and KM spectra of prepared samples with different adulteration levels (0-5 mL carrageenan solution) are displayed in Figure 2 . Obviously, the spectral curves suggest a similar pattern, but slightly differed in values of intensity. In the visible spectral region (400-700 nm), curves showed a relatively low reflectance (i.e. high absorbance) in the green and blue regions (about 400-550 nm) and high reflectance in the yellow (about 550-600 nm) and red regions (about 600-700 nm). The above-mentioned regions could help to clarify the reason why adulterated chicken meat samples got their orange color. As can be seen in Figure 2a , there are four downwards peaks (absorbance bands) centered at 545 nm, 570 nm, 760 nm, and 980 nm. The bands at 545 nm and 570 nm can be attributed to the presence of deoxymyoglobin and oxymyoglobin, respectively [28] . These myoglobin contents are responsible for the meat's color. The wavelengths of 980 nm and 760 nm were closely related to the second and third overtone of the O-H stretching mode of water presence in muscles [29, 30] . However, no prominent peak of carrageenan can be observed among the different levels. Therefore, chemometrics would need to be further applied for mining hidden spectral differences to predict and visualize carrageenan adulteration levels in chicken meat. Similarly, the average spectral forms of A and KM spectra transformed from R spectra, respectively, are also shown in Figure 2b ,c for comparison.
PLSR Models Based on Full Spectra
Three types of PLSR models were developed on the basis of full R, A, and KM spectra, respectively. A summary of the performance of 18 models established based on raw and preprocessed spectra is tabulated in Table 1 . As shown, all the full-wavelength models gave acceptable performance in predicting adulteration levels of carrageenan in chicken meat. The R 2 and RPD of all the models were beyond 0.86 and 4.26, respectively. However, regardless of preprocessing methods, it can be observed that A-PLSR generally performed best among the three with the highest R 2 and RPD as well as the lowest RMSE. The R-PLSR and KM-PLSR models showed generally close performance to each other. The overall results indicated that full A spectra were the most suitable spectra in predicting carrageenan adulteration in chicken meat among the three used spectral units. As for different preprocessing methods, the best results were obtained when spectra were preprocessed with the Der1, SNV, and none for R, A, and KM spectra, respectively. Therefore, only the optimal preprocessed spectra were adopted for spectral inputs and are discussed in the subsequent analysis. 
Three types of PLSR models were developed on the basis of full R, A, and KM spectra, respectively. A summary of the performance of 18 models established based on raw and preprocessed spectra is tabulated in Table 1 . As shown, all the full-wavelength models gave acceptable performance in predicting adulteration levels of carrageenan in chicken meat. The R 2 and RPD of all the models were beyond 0.86 and 4.26, respectively. However, regardless of preprocessing methods, it can be observed that A-PLSR generally performed best among the three with the highest R 2 and RPD as well as the lowest RMSE. The R-PLSR and KM-PLSR models showed generally close performance to each other. The overall results indicated that full A spectra were the most suitable spectra in predicting carrageenan adulteration in chicken meat among the three used spectral units. As for different preprocessing methods, the best results were obtained when spectra were preprocessed with the Der1, SNV, and none for R, A, and KM spectra, respectively. Therefore, only the optimal preprocessed spectra were adopted for spectral inputs and are discussed in the subsequent analysis. Table 1 . Summary of partial least squares regression (PLSR) model results based on raw and preprocessed full R, A, and KM spectra. 
Principal Component Analysis
Dimension reduction methods, including PCA [31] , independent component analysis (ICA) [32] , and minimum noise fraction (MNF) [33] , etc., were commonly used in hyperspectral imaging analysis to achieve a low-dimension database. However, PCA is one of the most popular methods in food quality detection due to its effectiveness and simplicity. PCA transformed the spectral data (X matrix) into a new coordinate system, producing uncorrelated orthogonal PCs (new X matrix). Most of the information was contained in PC 1 , then PC 2 , and so on, so that suitable PC numbers could be applied according to the research needs to retain useful information and eliminate noises [34] .
In spectral analysis, PCA was commonly used to identify the major sources of variance and provided an explanatory analysis for the total dataset. It was a very effective way of exploring data to highlight groupings and differences. On the basis of full A spectra processed by SNV, a preliminary evaluation by PCA was carried out. Only the first two PCs, individually accounting for 90.41% and 6.24% of the total variance, were retained for analysis in this study. Although some outliers could be observed in the PC 1 versus PC 2 score plot (Figure 3) , the ability of this method in distinguishing between pure chicken (0 mL) and adulterated samples (1-5 mL) was confirmed by showing a distinct separation. As shown, pure chicken samples were clustered and located on the bottom right of the plot. Furthermore, adulterated samples with different adulteration levels were not so easily distinguishable that adjacent categories overlapped to a certain degree. However, as the adulteration levels increased, the corresponding samples generally distributed along the PC 1 negative axis. This explained why the spectra were effective in quantitatively detecting carrageenan adulteration in chicken meat.
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Wavelengths Selection
The selection of optimal wavelengths from the spectral data extracted from hyperspectral images is a task that aims to simplify models and is a precursor to the design of an informative multispectral imaging system [35] . The RC represents the contributions of the specific spectral variables to the PLSR calibration model. In this study, by analyzing RC resulting from the preferred multispectral PLSR models based on three spectral units, peaks and valleys attributed to high absolute values for adulteration levels were individually identified. Finally, a total of nine, 10, and 10 wavelengths for R, A, and KM spectra shown in Figure 4 were defined as the most relevant wavelengths in predicting adulteration levels of carrageenan adulteration in chicken meat. These identified wavelengths make it possible to obtain a simplified model and, further, to establish a simple and low-cost multispectral imaging system. All the three sets of selected effective wavelengths would be compared as a basis to develop the simplified PLSR models.
separation. As shown, pure chicken samples were clustered and located on the bottom right of the plot. Furthermore, adulterated samples with different adulteration levels were not so easily distinguishable that adjacent categories overlapped to a certain degree. However, as the adulteration levels increased, the corresponding samples generally distributed along the PC1 negative axis. This explained why the spectra were effective in quantitatively detecting carrageenan adulteration in chicken meat.
The selection of optimal wavelengths from the spectral data extracted from hyperspectral images is a task that aims to simplify models and is a precursor to the design of an informative multispectral imaging system [35] . The RC represents the contributions of the specific spectral variables to the PLSR calibration model. In this study, by analyzing RC resulting from the preferred multispectral PLSR models based on three spectral units, peaks and valleys attributed to high absolute values for adulteration levels were individually identified. Finally, a total of nine, 10, and 10 wavelengths for R, A, and KM spectra shown in Figure 4 were defined as the most relevant wavelengths in predicting adulteration levels of carrageenan adulteration in chicken meat. These identified wavelengths make it possible to obtain a simplified model and, further, to establish a simple and low-cost multispectral imaging system. All the three sets of selected effective wavelengths would be compared as a basis to develop the simplified PLSR models. 
Multispectral Analysis
New multispectral PLSR models were established using the particular wavelengths identified by RC based on R, A, and KM spectra, respectively ( Table 2) . Compared with the preferred models built with full spectra (R p 2 = 0.89-0.92, RMSEP = 0.48-0.64, and RPD = 4.64-6.18), the models showed an overall performance of R p 2 = 0.84-0.85, RMSEP = 0.93-0.99, and RPD = 3.02-3.20. Although the number of wavelengths was essentially diminished from 285 to 9 or 10, the still satisfactory results shown in Table 2 indicate that the selected wavelengths contained enough information and the method for the wavelength selection using RC was efficient. In addition, it was also observed that the wavelengths selected from A spectra still performed the best among the three spectral units. The performance of the highest R 2 and RPD as well as the lowest RMSE performed by the model developed using A spectra was in accordance with the results in the full-wavelength models performance comparison. Therefore, the RC-A-PLSR model was chosen to be subsequently applied in image visualization of the adulteration. 
Visualization of Carrageenan Adulteration Levels
The benefits of the visualization process reside in the rapid and easy detection of the spatial distribution of carrageenan adulteration levels, which is impossible or difficult to be observed by the naked eye. As a popular post-processing method for hyperspectral images in food quality detection, the color maps generation could help to enhance the display of the results [36] . From the resulted visualization maps, not only the average value, but also the detailed spatial distribution of the non-homogeneous food samples could be observed. In the literature, there were three main approaches in constructing the visualization maps of the hyperspectral images. The simplest way was to directly visualize the grayscale image in the selected wavelengths or suitable PC score images [37, 38] . As for the second way, this was to form a false color image composed of three different band images of selected wavelengths which acted as the RGB channels, respectively [39] . The above two ways were simple and were often used to distinguish defective or unreliable samples from normal ones. However, they could not accurately display the detailed differences among the different pixels within the sample. The third method was to develop a qualitative or quantitative model first, and then predict the categories or values of each pixel within the samples in a pixel-based manner so that the variation from sample to sample and even spot to spot could be easily interpretable [40] [41] [42] [43] [44] [45] . Therefore, the third method was adopted to describe the procedure of creating visual images for quantitative spatial distribution of adulteration levels in chicken meat.
In this study, the preferred RC-A-PLSR model was applied to the hyperspectral images in the prediction set, providing adulteration levels for each pixel in the image. Specifically, prior to the distribution maps generation, the reflectance spectral data at each pixel were firstly transformed into an absorbance unit. Only images at selected wavelengths (409, 425, 444, 521, 582, 621, 763, 840, 893, 939 nm) were then retained and the reduced spectral data at each pixel was set as the inputs of the preferred RC-A-PLSR model. As shown in Figure 5 , the first row (Figure 5a ) was the pseudo-color images (R = 640 nm, G = 550 nm, B = 460 nm), while the second row (Figure 5b) gave the corresponding predicted distribution by the RC-A-PLSR model. There was also a color scale at the bottom of the visualization maps to clarify the meanings of different colors in the image, where different colors represented different carrageenan adulteration levels in chicken meat. Specifically, the blue color at the end of the color bar indicated a low adulteration level of 0 mL, while the red color designated a high adulteration level of 5 mL. Differences in adulteration level from sample to sample and even from spot to spot were very noticeable. All visualization maps acquired in this study revealed advantages of HSI that cannot be achieved by computer vision or conventional spectroscopy. Consequently, the HSI technique combined with multispectral analysis provided a reliable and automatic method for detecting chicken meat adulteration with carrageenan. the end of the color bar indicated a low adulteration level of 0 mL, while the red color designated a high adulteration level of 5 mL. Differences in adulteration level from sample to sample and even from spot to spot were very noticeable. All visualization maps acquired in this study revealed advantages of HSI that cannot be achieved by computer vision or conventional spectroscopy. Consequently, the HSI technique combined with multispectral analysis provided a reliable and automatic method for detecting chicken meat adulteration with carrageenan. 
Conclusions
Carrageenan is one of the commonly used adulterations in meat or meat products. Our work demonstrates that the non-destructive HSI technique, together with different spectra transforms, has the potential to detect and visualize carrangeenan in chicken meat. On the basis of full spectra, PLSR models resulted in satisfactory results. In further steps, key wavelengths selected by the RC approach were also found to be efficient in the prediction of adulteration levels. In particular, we confirmed that the model developed by absorbance spectra exhibited superior performance to those using reflectance and Kubelka-Munck spectra regardless of full spectra or selected wavelengths. Finally, the multispectral PLSR model developed by wavelengths selected from absorbance spectra (Rp 2 = 0.85, RMSEP = 0.93, and RPD = 3.20) were successfully used to visualize the carrageenan distribution in chicken meat which could facilitate the understanding of adulteration. It needs to be noted that this step cannot be accomplished by only utilizing either spectroscopy techniques or conventional imaging. In conclusion, HSI can be treated as an efficient and non-destructive tool in screening carrageenan adulteration in chicken meat.
